Abstract: We used visible near-infrared reflectance spectroscopy (VNIRS) to characterize a set of organic materials (n = 75). Good predictions for total carbon, excellent predictions for total nitrogen, but poor predictions for pH were found. This preliminary study showed that VNIRS could rapidly characterize organic materials before soil application.
Introduction
Organic materials such as animal manures, composts, municipal and paper mill biosolids are important sources of plant nutrients, and are commonly applied to agricultural soils to improve their chemical, physical, and biological properties (Gagnon and Ziadi 2012; Gagnon et al. 2012b; Chen et al. 2013) . Other organic materials such as biochar and alkaline residuals from forest and pulp processing can act as means to sequester carbon (C) or to lime acid soils (Gagnon and Ziadi 2012; Tan et al. 2017) . Efficient use of these organic materials in agriculture requires accurate and timely quantification of their chemical and physical properties (Peltre et al. 2011; Chen et al. 2013) . It is well known that excessive application of organic materials can have negative consequences, including contamination of air, soil, and water. Characterization of organic materials is traditionally accomplished through wet chemistry methods, which are costly, time consuming, and require the use of hazardous reagents (Galvez-Sola et al. 2010; Chen et al. 2013) . Faster, environmentally friendly, and costeffective methods of characterizing organic materials are, therefore, needed to improve their use.
Visible near-infrared reflectance spectroscopy (VNIRS) is an indirect analytical method based on light absorbance by samples, from which the chemical composition of an organic material can be predicted by using chemometrics. Total C and nitrogen (N), which are integral components of organic matter, can be directly predicted by VNIRS as a result of electronic transitions of atoms in the visible region and weak overtones and combination bands in the NIR region due to stretching and bending of NH, CH, and CO groups (Stenberg et al. 2010 ). In contrast, pH, which does not have a direct spectral response, can still be predicted due to covariation with spectrally active constituents such as organic matter, or total C and N (Stenberg et al. 2010 ). There are numerous reports of VNIRS prediction of organic materials in the literature (Chen et al. 2013; Temporal-Lara et al. 2016) . However, most studies used rather homogeneous sample sets, with few studies using heterogeneous sets (Peltre et al. 2011) . In general, VNIRS prediction accuracy decreases as the diversity of the samples increases (Peltre et al. 2011) . The objective of this study was to determine the potential of VNIRS to accurately predict total C, total N, and pH of a heterogeneous set of organic materials.
Materials and Methods
The dataset included 75 organic materials that are commonly applied to agricultural soils. These included 17% as animal manure (dairy cattle, beef cattle, pig, sheep, and poultry in fresh or composted forms), 27% as biosolids (from municipal-and paper-mill-treated wastewater), 40% as alkaline by-products (wood ash, lime mud, calcitic lime, and magnesium processing residuals), 8% as other composts (composted materials derived from commercial fisheries, potato transformation, wood industry, and solid kitchen and garden wastes), and 8% as biochars (from maple barks and willow and pine chips).
The biosolids and alkaline by-products were previously described by Gagnon and Ziadi (2012) and Gagnon et al. (2010) , whereas the animal manures and other composts were reported in Gagnon et al. (2012a Gagnon et al. ( , 2012b . The organic materials were dried at 55°C to constant weight, and then ground to pass through a 0.20 mm sieve for total C and N analyses, and for spectral acquisition. Total C and N were determined by dry combustion using an Elementar CN Analyzer (Elementar Analysensysteme GmbH, Hanua, Germany). A 1:5 ratio (organic material : deionized water by weight) was used for pH determination of biosolids, alkaline by-products, and composts, whereas a 1:3 ratio was used for treated pig manure. The suspensions were agitated for 30 min and left to stand for another 30 min before the pH was read. The pH was measured directly in the liquid for liquid pig manure. Biochar pH was measured by adding 1 g of biochar in 20 mL of deionized water. After 1.5 h agitation, pH was measured on the filtrate passing through a VWR grade 413 filter paper (5 μm).
Spectral acquisition, pre-processing, model development, and validation were done as described by St. Luce et al. (2017) . Briefly, absorbance [log (1/R), where R is the reflectance] was recorded in the visible and nearinfrared region between 400 and 2498 nm at 0.5 nm intervals with the spinning (ring) cup of a FOSS NIRS D2500 Instrument (Foss NIRSystem, Silver Spring, MD, USA). Each spectrum was the average of 32 co-added scans. The number of data points was reduced by averaging over 2 nm. The acquired spectra were processed with WinISI IV software (version 4.6.8, Infrasoft International, LLC, State College, PA, USA). Two-thirds of the dataset was randomly selected for model development or calibration set (n = 50), with the remainder used for external validation (n = 25). Pre-processing was done by the standard normal variate and detrending with either no derivative or the first and second derivatives. Calibration models were generated with the modified partial least square (modified PLS) regression method. Cross-validation was performed by using four groups and the standard error of cross-validation (SECV) between predicted and measured values was calculated. The maximum number of factors used was seven.
The best calibration models were selected based on simultaneous low SECV and high coefficient of determination in cross-validation (R 2 CV ). The accuracy of the VNIRS predictions was assessed by the coefficient of determination in validation (R 2 V ), standard error of prediction (SEP), and the ratio of prediction performance Note: n, number of samples; SD, standard deviation; IQ, interquartile range; CV, coefficient of variation; math treatment, order of derivative, extent of gap and smoothing of points; SECV, standard error of crossvalidation; R 2 CV , coefficient of determination of crossvalidation; RPIQ CV , ratio of performance to interquartile range for cross-validation.
to interquartile range in cross-validation (RPIQ CV ), and validation (RPIQ V ). The RPIQ was used instead of the ratio of performance to deviation (RPD) (Bellon-Maurel et al. 2010) . The RPIQ was calculated as RPIQ = IQ SECV or SEP (1) where IQ is the interquartile distance of the crossvalidation or validation set (IQ = Q3-Q1), SECV is the standard error of cross-validation, and SEP is the standard error of prediction. Because no critical value exists for RPIQ in the literature, we used previous categories based on RPD (St. Luce et al. 2017) , by considering that the interquartile range of a normal distribution is 1.35 × standard deviation. Hence, we used the following categories for evaluating the VNIRS models: excellent (RPIQ > 4.1), good (RPIQ = 2.3-4.1), and poor (RPIQ < 2.3).
Results and Discussion
Total C, total N, and pH for the total dataset ranged from 22.8 to 858.3 g kg −1 , from 0.05 to 44.2 g kg −1 , and from 3.9 to 12.8 g kg −1 , respectively (Table 1) . The coefficient of variation was high for total C (69%), very high for total N (110%), and moderate for pH (26%). The wide range of values, particularly for total N, reflects the substantial variation in organic materials used in this study. For example, mean total C (g kg −1 ), total N (g kg −1 ), and pH, respectively, were 314.6, 24.3, and 7.5 for animal manures; 382.6, 18.3, and 6.5 for biosolids; 92.8, 0.30, and 10.3 for alkaline by-products; 290.0, 16.6, and 7.2 for other composts; and 632.6, 6.1, and 9.6 for biochars (data not shown). The calibration and validation sets both contained samples from each of the organic materials described previously. The validation set was within the range of the calibration set for all parameters. Cross-validation was good for total C (R 2 CV = 0.77; RPIQ CV = 3.3), excellent for total N (R 2 CV = 0.87; RPIQ CV = 4.5), but poor for pH (R 2 CV = 0.62; RPIQ CV = 2.1) ( Table 1) . External validation for total N was slightly improved compared with cross-validation, but the reverse was true for total C and pH (Table 1; Fig. 1) . However, the overall categories remained the same. Validation was good for total C (Table 1; Fig. 1a) , excellent for total N (Table 1 ; Fig. 1 . Visible near-infrared reflectance spectroscopy (VNIRS) predicted vs. measured (a) total carbon (C), (b) total nitrogen (N), and (c) pH for organic materials. R 2 V , coefficient of determination in validation; SEP, standard error of prediction; RPIQ V , ratio of prediction performance to interquartile range in validation. Fig. 1b ), but poor for pH (Table 1; Fig. 1c) . The quite similar results in cross-validation and external validation suggest that cross-validation was not overly optimistic when predicting these parameters. The good prediction for total C and excellent prediction for total N were likely due to the fact that these parameters, which are part of organic matter, are known to be spectrally active (Stenberg et al. 2010 ). The VNIRS gave some negative total C and total N content for some of the alkaline by-products, which, among the organic materials, had the lowest C and N contents (Figs. 1a, 1b) . Hence, the total C and total N values for alkaline by-products were clustered at the bottom of the scatter plots. The total C content of one of the samples belonging to the group of other composts (composted materials derived from commercial fisheries) was noticeably underpredicted (Fig. 1a) . Removal of this sample did not significantly improve the validation statistics (data not shown). Together, these findings suggest that there may be a need to group organic materials based on their characteristics to improve model development and prediction.
Our predictions for total C and total N differed to some extent from those of other studies reported elsewhere. For example, Peltre et al. (2011) , who used 300 different organic materials, found good predictions for total organic C (RPIQ V = 3.5; RPD = 2.6) and total N (RPIQ V = 3.0; RPD = 2.2), while Temporal-Lara (2016) reported poor predictions for total organic C (RPIQ V = 2.2; RPD = 1.66) and total N (RPIQ V = 1.1; RPD = 0.82) in composted wastewater municipal biosolids. The type of organic materials used in our study compared with the abovementioned studies could explain the different results obtained. In addition, it must be noted that total C was predicted in our study, while the above studies focused on total organic C. The good to excellent validation results for total C and total N in our study indicate that there is a great potential to develop accurate VNIRS models for predicting these parameters in a wide variety of organic materials. However, further research is needed with a larger and more diverse dataset, and also to assess the effectiveness of specific models for the various organic materials.
Properties that are not spectrally active, such as pH, can be predicted by VNIRS through their relationship with spectrally active properties, such as total C and total N (Stenberg et al. 2010 ). In our study, pH was significantly related to both total C (r = −0.52) and total N (r = −0.65). However, the strength of the relationship was not sufficient to allow for a good prediction for pH. Conversely, Galvez-Sola et al. (2010) found a good prediction for pH (RPIQ V = 3.4; RPD = 2.54) in compost samples, whereas Vergnoux et al. (2009) found an excellent prediction (R 2 V = 0.92) in industrial composts. The good to excellent predictions reported in the above studies could probably be attributed to the homogeneity of the samples and hence the narrower range in pH. The pH in our study ranged from 3.9 to 12.8, whereas it ranged from 4.3 to 8.2 in the study of Galvez-Sola et al. (2010), and from 7.5 to 8.8 in the study of Vergnoux et al. (2009) . Although pH was poorly predicted in our study, it may be possible to develop good VNIRS models for pH based on homogeneous sample sets, that is, models specific to a particular type of organic material. However, this remains to be examined.
Conclusion
This study examined the potential for developing accurate VNIRS models for predicting total C, total N, and pH in a heterogeneous set of organic materials. We found good predictions for total C, excellent predictions for total N, but poor predictions for pH. Overall, the results suggest that VNIRS is a feasible technique to characterize organic materials. This is important, since the VNIRS could serve as a rapid, economic, and environmentally friendly alternative to traditional chemical methods for characterizing organic materials before application to agricultural soils. However, more research is needed to confirm these results with a larger and more diverse dataset, and to optimize the calibration and prediction of heterogeneous sets of organic materials, including possible grouping by organic material characteristics. In addition, further work is required to assess the potential of spectral acquisition and model development from raw and unprocessed samples.
